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ABSTRACT
Model-based and model predictive control (MPC) based on personalized thermal preferences has the potential to
minimize energy consumption and guarantee occupant thermal comfort. This paper presents the implementation of
personalized controls that satisfy personalized thermal preferences in private offices. Two control strategies, a simple
PID control and a real-time model predictive control, were implemented through the Building Management System
in two adjacent identical office spaces. In each office, monitoring and control of indoor thermal conditions was
achieved either by using a conventional wall thermostat or by using a low-cost wireless local sensing network -both
integrated with the building management system. Thermal comfort and energy consumption performances were
compared between MPC vs PID control, as well as local sensing vs conventional wall thermostat sensing. The results
demonstrate the advantages of MPC over simple feedback control, in parallel with the advantages of local sensing
over wall thermostats, in terms of energy efficiency and personalized thermal comfort.

1. INTRODUCTION
Integration of HVAC system operation, Building Management Systems and sensing networks, with embedded
intelligence and predictive capabilities, can provide a comfortable thermal environment for every occupant, while
simultaneously optimizing energy use for air-conditioning. In order to improve thermal satisfaction of different
individuals, previous research focused on incorporating occupants in the control framework and creating personalized
thermal preference profiles (Lee et al., 2019; Zhang et al., 2020). In addition, sensor networks take an important role
in smart buildings due to their monitoring, communication, and environment control capabilities. Low-cost sensing
networks, which have the advantages of flexibility, customization, and monitoring of local environmental parameters,
have been evaluated in related studies (Ferreira et al., 2012; Gupta et al., 2016) and showed that these systems are
reliable. In this study, both personalized thermal preference models and wireless local sensing networks are
implemented in private offices to show the advantages of using low-cost sensing network over conventional
thermostats and the advantages of model predictive control vs simple PID control, with respect to personalized thermal
comfort and energy savings.

2. METHODOLOGY
2.1 Personalized Thermal Preference Models
Personalized thermal preference models were built to predict each occupant’s thermal preference as a function of
indoor air temperature (the variable that can be easily controlled for practical application) as follows. First, the data
used for building personalized thermal preference models was collected from experiments conducted in private offices
(Lee et al., 2018). During the experiments, which lasted several days, each subject was performing normal office work
during standard work hours, while the thermal environment was automatically changed according to specific schedules
(setpoints) summarized in (Lee et al., 2017). During the experiments, occupant thermal preference votes (want cooler
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/ no change / want warmer) were collected hourly from each subject, while recording the air temperature and other
environmental variables. In total, 48 preference votes were collected by each subject under various air temperature
(ranging from 20-26 0C).
After collecting all required reference data, personalized thermal preference models were developed for each subject
based on Bayesian multinomial logistic regression method with linear discriminate analysis (LDA). Occupant’s
thermal preference is defined as the preference under current thermal conditions (want cooler / no change / want
warmer), which can be represented with a multinomial categorical variable. Since the probability of occupant’s choice
on thermal preference is mainly dependent on indoor air temperature, a multinomial logistic function is used to map
the air temperature values to the probabilities. The probability of each thermal preference choice (𝑐) under different
indoor temperatures (𝑡) is calculated by the multinomial logistic function in Equation (1).
𝑝(𝑥 = 𝑐|𝑡, 𝛽) =

𝑒 𝛽0,𝑐 𝑡+𝛽1,𝑐

(1)

𝛽0,𝑐 𝑡+𝛽1,𝑐
∑2
𝑐=0 𝑒

In order to encode prior knowledge for the uncertain coefficients 𝛽, the linear discriminate analysis (LDA) method
(Lee et al., 2017) is applied, which assumes that 𝑝(𝑡|𝑥=𝑐) follows a normal distribution 𝑁(𝜇𝑐,𝜎2). Using LDA method,
𝛽 can be generated from the mean and standard deviation parameters 𝜇𝑐 and 𝜏 (𝜏=1/𝜎2) as in Equations (2) and (3):
𝛽0,𝑐 = 𝜇𝑐 𝜏
1
𝛽1,𝑐 = − 𝜇𝑐 2 𝜏

(2)
(3)

2

We are more certain about the prior distributions of 𝜇𝑐 and τ since we have existing knowledge about 𝑝(𝑡|𝑥=𝑐) based
on collected thermal preference votes from occupants. For the prior distributions of 𝜇𝑐 and 𝜏, normal distributions with
different mean values are placed on 𝜇𝑐, where each mean value is set as the mean temperature of each thermal
preference choice made by the occupant, and an exponential distribution is placed on τ since it is always positive.
With the parameters defined, Bayesian inference approach is applied and implemented in the PyMC3 Python package
(Salvatier et al., 2016) to solve the distributions of unknown parameters. According to Bayesian rules, posterior
distribution of the unknown parameters is related with the likelihood and the prior distributions over parameters as
Equation (4).
𝑝(𝛽, 𝜇, 𝜏|𝑥, 𝑡) ∝ 𝑝(𝑥|𝑡, 𝛽)𝑝(𝛽|𝜇, 𝜏)𝑝(𝜇0 )𝑝(𝜇1 )𝑝(𝜇2 )𝑝(𝜏)

(4)

After performing the Bayesian inference PyMC3 model with Markov chain Monte Carlo (MCMC) sampling, posterior
distributions of the unknown parameters (𝜇0, 𝜇1, 𝜇2, 𝜏, 𝛽0,0, 𝛽1,0, 𝛽0,1, 𝛽1,1, 𝛽0,2, 𝛽1,2) are calculated. Finally, the
predictive probabilities of thermal preference for any given temperature can be obtained from the samples of the
unknown parameters generated from posterior distributions.
Representative personalized thermal preference models for two subjects who have obvious different thermal
preferences are shown in Figure 1. In the figure, median values of estimated probabilities are plotted with solid lines,
and the 95% credible intervals for the three categories are shown with the respective shaded areas. From the
personalized thermal preference models, the thermal “comfort range” is selected when the probability of feeling
comfortable is larger than the probability of preferring cooler/warmer. The probability of feeling comfortable is
highest at the peak of thermal preference for each person.
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Figure 1: Personalized thermal preference model for (a) subject 1 and (b) subject 2
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2.2 Model Predictive Control Algorithm
Model predictive control (MPC) was implemented in the private offices to maintain personal thermal comfort, and
estimate the impact of this approach on energy use and personal comfort for different personal preference profiles.
For the MPC algorithm, a control-oriented model was constructed for three adjacent private offices as shown in Figure
2. Among the three private offices, two of the offices are identical with one south-facing facade, and the third office
has two external walls. Using a 12-hour prediction horizon with a time step of 0.5-hour, the evolution of temperature
states was predicted by the state-space formulation in Equation (5).
𝐱 𝑡+1 = 𝐀𝐱 𝑡 + 𝐁𝑢 𝐮𝑡 + 𝐁𝑤 𝐰𝑡

𝐱𝑡 =

(5)

𝑞𝑆𝐺,1,𝑡
𝑞𝑆𝐺,2,𝑡
𝑞𝑆𝐺,3,𝑡
𝑞𝐼𝐺,1,𝑡
𝑞𝐼𝐺,2,𝑡
𝑞𝐼𝐺,3,𝑡

𝑇air,1,𝑡
𝑇air,2,𝑡
𝑢1,𝑡
𝑇air,3,𝑡
𝑢
, 𝐮𝑡 = [ 2,𝑡 ], 𝐰𝑡 =
𝑇mass,1,𝑡
𝑢3,𝑡
𝑇mass,2,𝑡
𝑇outdoor,𝑡
𝑇corridor,𝑡
[𝑇mass,3,𝑡 ]
[ 𝑇indoor,𝑡 ]

The state variables 𝐱 𝑡 include the room air temperatures 𝐓air,𝑡 and mass temperatures 𝐓mass,𝑡 of the three private
offices at time 𝑡. The control variables 𝐮𝑡 are the heating or cooling rates to the offices. The disturbance vectors 𝐰𝑡
have the following elements: (i) The solar gain to the offices (𝐪𝑆𝐺,𝑡 ), which was calculated from the hourly-updated
NOAA weather forecast data (Seo, 2010); (ii) The internal gain in the offices (𝐪𝐼𝐺,𝑡 ) due to lighting, equipment, and
occupants, which was calculated according to heuristic schedules (ASHRAE, 2013); (iii) The outdoor air temperature
(𝑇outdoor ) forecast downloaded from NOAA; (iv) The adjacent corridor temperature (𝑇corridor ) constantly set to
21.5°C; and (v) The indoor air temperature (𝑇indoor ) of an adjacent room (shown on the left of Figure. 2), which was
monitored through the building management system.
The state matrix 𝐀 ∈ ℝ6×6 , input matrix 𝐁𝑢 ∈ ℝ6×3 , and disturbance matrix 𝐁𝑤 ∈ ℝ6×9 consist of estimated
parameters including the thermal capacitances (𝐶1:4 ) and resistances (𝑅1:7 ), as well as the coefficients multiplied to
the heat flux input for the transmitted solar radiation ( 𝛼1 , 𝛼2 ) and heating/cooling rate (𝛼3 , 𝛼4 ). The estimated
parameters were identified by collecting the room air temperature, heating/cooling rate, and disturbance measurements
from the offices every 5 minutes for 15 days (10 days for training, 5 days for validation), and by solving an
optimization problem to minimize the sum of the differences between the on-site air temperature measurements and
the air temperatures predicted by Equation (5) for the three offices.
Toutdoor
R4

R4
R1

R2

Tair,1

R5
R1

Tair,2

Tair,3

Tindoor
α1α2qSG,2 C2
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Tmass,3

Tmass,2
C4

C3
α1(1-α2)qSG,1
+α3(1-α4)u1

α1α2qSG,3
+α3α4u3+qIG,3

R6

α1(1-α2)qSG,2
+α3(1-α4)u2

R7

α1(1-α2)qSG,3
+α3(1-α4)u3

Tcorridor

Figure 2: State-space model for private offices

6th International High Performance Buildings Conference at Purdue, May 24-28, 2021

3718, Page 4
The goal of the MPC algorithm is to minimize the HVAC energy consumption over a certain prediction horizon. This
is described by the optimization problem in Equation (6), which needs to be solved to obtain the sequence of optimal
control inputs.
min

𝐮0 ,𝐮1 ,…,𝐮𝐾−1

∑𝐾−1
𝑡=0 𝐽𝑡 (𝐱 𝑡 , 𝐮𝑡 , 𝐰𝑡 )

(6)

where 𝐾 =24 is the number of time steps in the prediction horizon and J is the cost function defined in in Equation (7)
as the sum of the energy consumption (P) of the fan, the chiller, and the boiler (that provides hot water for the reheat
coil). Δt is the length of a time step which is set as 0.5-hour. The calculation functions for the energy consumption of
fan, chiller and boiler at each time step are based on the power models in the EnergyPlus reference calculations (DOE,
2010).
𝐽𝑡 (𝐱 𝑡 , 𝐮𝑡 , 𝐰𝑡 ) = (𝑃fan, 𝑡 + 𝑃chiller,𝑡 + 𝑃reheat,𝑡 )∆𝑡

(7)

Constraints are imposed on the control inputs and room air temperatures. The constraint imposed on the control inputs
is based on the HVAC heating and cooling capacity. In Equation (8), ui,t,max is the upper control bound for office i (i
=1,2,3) at time t when the reheat coil runs at its maximum capacity. ui,t,min is the lower control bound at time t when
the damper is at the maximum open position. The constraint imposed on room air temperatures in Equation (9) is
based on the personalized thermal preference model of the occupant in office i (ranging from Ti,t,min to Ti,t,max] as in
Figure. 1.
𝑢𝑖,𝑡,min ≤ 𝑢𝑖,𝑡 ≤ 𝑢𝑖,𝑡,max
(8)
𝑇𝑖,𝑡,min ≤ 𝑇air,𝑖,𝑡 ≤ 𝑇𝑖,𝑡,max

(9)

With the cost function and constraints defined, a constrained nonlinear optimization problem is constructed and solved
at each prediction horizon with a sequential quadratic programming algorithm.

3. EXPERIMENTAL STUDIES AND LOCAL SENSING
A low-cost sensing network was used in experiments conducted for monitoring and control of indoor thermal
conditions. A dual-channel communication with single board computer allows embedding low-cost sensors and
control algorithms into an existing building control system. Wireless local temperature sensors, which support various
types of wireless communication protocols without excessive cost and intrusiveness in the environment, were used
for low-cost local thermal sensing. The sensor has an accuracy of ± 0.2-0.4°C with a range of -40~125℃. Our
validation showed a 0.2-0.5℃ temperature difference between the wireless local sensor and a calibrated type-T
thermocouple, which proves the accuracy of the local sensor.
To compare local temperature (near the occupant) with a conventional wall thermostat reading, a low-cost sensing
network was implemented in a private office first to monitor the thermal difference between the wireless local sensor
(local sensor 1), placed on the desk near the occupant, and the wall thermostat. Another wireless low-cost sensor (local
sensor 2) was placed at the location of wall thermostat to further prove the local sensors’ accuracy. The distance
between local sensor 1 and the wall thermostat is about 1 meter (Figure 3).
For the purpose of comparing different sensors, the private office was controlled with a static setpoint temperature of
23.9℃, based on the wall thermostat reading and using the built-in simple PID control through the building
management system. Temperature readings of the local sensors and the wall thermostat were collected every minute
during four successive days. Sensors were shielded to be protected from solar radiation, and window shades were
lower to 75% during the experiments to reduce the overall influence of solar radiation on temperature readings.
Temperature differences between each of the local wireless sensors and the wall thermostat are shown in Figure 4.
Weather conditions were recorded during the experiment (Figure 5). The differences between local sensor 2 and wall
thermostat (at the same position) were mostly within ±0.5℃, which prove the consistency between the two sensors.
There is an obvious difference of about 0.5℃ between the local temperature readings near the occupant and the wall
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thermostat readings, which was mainly caused by different distances to the air diffuser. In addition, even with shading
and sensor protection, there are some solar radiation effects, during the two first days which had very clear skies.
These representative results show that occupant-perceived local temperatures are different than wall thermostat
readings, which could impact personal thermal comfort and energy use.

Figure 3: Private office equipped with wireless local sensors and wall thermostat
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4. RESULTS
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Thermal controls with different levels of complexity were implemented with wireless local sensing to satisfy
occupant’s personalized thermal comfort. The two adjacent identical private offices were used to compare thermal
control performances experimentally. The setup in each office was the same as shown in Figure 3. The two private
offices were conditioned with two individual VAV boxes from a centralized air conditioning system, and shading of
the two office was again set as 75% closed to reduce the influence of solar radiation. During the experiments, a simple
PID control and a real-time MPC were conducted in the two offices simultaneously using wireless local air temperature
measurements.
The PID control strategy we used was achieved with the built-in simple PI control logic in building management
system, which worked with a deadband of ±0.6℃ around the setpoint. For personalized thermal control purpose, the
setpoint of simple PID control was set as the peak thermal preference temperature obtained from the respective model
generated for each subject. The real-time MPC was achieved through sensing with the wireless local sensor in the
office, running the MPC algorithm according to real-time weather forecast data, and communicating with the building
management system back and forth. During the implementation of real-time MPC, the room air temperature was
controlled with the built-in PI control logic according to the setpoints generated from the MPC algorithm –the thermal
comfort range obtained from personalized thermal preference model was set as the indoor air temperature bound for
each occupant.
A comparison of the two personalized thermal controls for subject 1 (thermal preference profile of Figure. 1(a)) during
one day is shown in Figure 6 (with respective recorded weather conditions in Figure 7). The personal thermal comfort
range of this subject is defined as [20.8, 24.1] ℃, and the subject’s most preferred temperature is around 22.7℃.
During the personalized thermal controls using wireless local sensing, the wall thermostat readings, auxiliary
temperatures and supply air volumes from VAV boxes were also collected through the building management system.
Then the real-time cooling/heating rates were calculated using local sensing temperature, auxiliary temperature and
supply air volume.
From the results, it can be seen that, during a sunny day in winter, using a PID control to satisfy personal thermal
comfort consumes more energy for both cooling and heating compared with personalized MPC, which demonstrates
MPC’s advantage in optimizing energy performance over simple PID control. For personalized thermal comfort, the
local sensor readings show that MPC with wireless local sensing guarantees the indoor temperatures to be within the
subject’s personalized thermal comfort range, while a noticeable difference in temperature readings can be observed
between the wireless local sensor and the wall thermostat. The bias in wall thermostat readings implies that control
with conventional wall thermostat could violate the personalized thermal comfort constraint and lead to temporary
thermal discomfort.
Using the same settings for real-time MPC, personalized model predictive controls were also implemented in the two
identical offices simultaneously, using wireless local sensing for the subjects with different thermal preference profiles
(Figure. 1). Subject 2 has a thermal comfort range of [22.5, 24.6] ℃. For the different preference profiles, different
thermal comfort ranges were set as the indoor temperature control bounds for the two offices in the MPC algorithm.
A comparison of indoor air temperatures during personalized MPC for subject 1 and subject 2 during one day is shown
in Figure 8. With real-time auxiliary temperatures and supply air volumes monitored in the two rooms, cooling/heating
rates over the 12-hour test period were calculated. For personalized MPC for subject 1, the energy consumption was
26354 kJ for cooling, and 25162 kJ for heating; while for subject 2, the energy consumption was 24709 kJ for cooling,
and 56629 kJ for heating. This is expected since subject 2 prefers warmer conditions and requires a higher temperature
for the lower control bound. The local sensor readings in both offices follow the MPC setpoints and succeed in
satisfying the different personalized thermal preferences of the two subjects, while wall thermostat readings are often
out of the thermal comfort ranges.

5. CONCLUSION
Model predictive control and simple PID control with wireless local sensing, based on personalized thermal comfort,
were implemented in private offices to compare their comfort and energy performance. Through experimental studies,
the performance of MPC vs PID and local sensing vs conventional thermostat sensing were compared.
 Local sensing proved its necessity for satisfying thermal comfort and shows advantage in potential energy
savings compared with conventional wall thermostat sensing.
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Real-time MPC implemented based on personalized thermal preference can achieve minimizing energy
consumption and guarantees personal thermal comfort.
MPC with wireless local sensing demonstrates its energy efficiency and reliability in maintaining thermal
comfort performance during personalized thermal controls.
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